INTRODUCTION
============

G-protein-coupled receptors (GPCRs) play a key role in cellular signaling pathways that regulate many basic physiological processes, such as neurotransmission, secretion, growth, cellular differentiation, inflammatory and immune responses ([@b1]). GPCRs consist of a single protein chain that crosses the membrane seven times ([@b2]). Currently known GPCRs include rhodopsin-like family, secretin-like receptor family, glutamate-like receptor, pheromone-like receptors, cAMP-like receptors and frizzled family of receptors ([@b3]). The sequences of \>2000 GPCRs are known, whereas the structure of only a single GPCR receptor (bovine rhodopsin) is available ([@b4]). There is a strong need for the detailed annotation of GPCRs from genomic data including recognition of GPCRs subfamilies and their types using computational tools. The rhodopsin-like receptors, which form a major superfamily of GPCRs, consist of ∼60 families and subfamilies each one of which has many types of receptors ([@b5]). The typical strategies for identifying GPCRs and their types include similarity search based tools, such as BLAST, FASTA and motif finding tools ([@b6]). Although these tools are very successful in searching similar proteins, they fail when members of a subfamily are divergent in nature. To overcome this limitation, a number of tools based on composition and patterns of protein sequences have been developed. Most of the methods recognize the GPCRs and able to classify them up to major subfamilies. Recently, our group has also developed a method for recognizing and classifying GPCRs up to subfamily level ([@b7]). However, the method is not able to predict different types of receptors belonging to one subfamily.

The identification of novel type of GPCRs and their cognate ligands is the major focus of pharmaceutical companies. Hence, highly accurate identification of receptor types will solve the problem of efficacy and side effects of various drugs. Currently, few drugs are available that can bind to different types of receptors, hence have drastic side effects. Moreover, the mere understanding of different types of GPCRs and their substrate-binding properties will assist in finding novel drug target with minimum side effects. The experimental identifications of GPCR types are labor and cost-intensive task. The computational biology can provide a better alternative to develop a method for classifying different receptors of each. In the past, Elrod and Chou ([@b8]) showed that receptors of amine subfamily of rhodopsin-like superfamily have different amino acid compositions ([@b8]). They classified four types of amine-binding receptors (i) acetylcholine, (ii) adrenoceptor, (iii) dopamine and (iv) serotonin with overall accuracy of 83.23% using covariant discriminant analysis ([@b8]).

This motivated us to develop a highly accurate method for recognizing and classifying different types of amine receptors. The method has been developed using a two-step strategy. In first step, the method discriminates amine subfamily of GPCRs from other proteins, such as globular proteins. In second step, the method predicts the type of amine receptor using multiclass support vector machine (SVM). It has been shown in past that SVM is an elegant technique for the classification of biological data ([@b9]--[@b16]). The classification was achieved using amino acid and dipeptide composition. The method achieved a superior accuracy both in recognizing and classifying GPCRs. The results also proved the fact that dipeptide composition is a better feature for classifying the proteins. Dipeptide composition provides information about fraction of amino acids as well as local order, which is lacking in amino acid composition ([@b17]--[@b18]). To the best of authors\' knowledge, there is no web server that allows recognition and classification of amine type of GPCRs. On the basis of the above study, an online web tool 'GPCRsclass' has been made available at <http://www.imtech.res.in/raghava/gpcrsclass>.

MATERIALS AND METHODS
=====================

Recognition of amine subfamily of GPCRs
---------------------------------------

At first step, the main aim is the recognition of novel GPCRs or discriminating GPCRs from the globular proteins. A SVM was trained to discriminate the GPCRs from other proteins. The training and testing was carried out on a dataset of 167 proteins of amine subfamily of GPCR. The dataset of 167 amine type of GPCRs was obtained from the study by Elrod and Chou ([@b8]). All the sequences of dataset were unique and complete (sequence fragments are removed from dataset). The training also required negative examples for discriminating GPCRs from other proteins. The dataset was extended by including 167 globular proteins obtained from the SCOP version 1.37 PDB90 domain database. The final dataset has equal number of positive and negative examples, so that the performance of the method can be evaluated using single parameter, such as accuracy.

Classification of amine subfamily of GPCRs
------------------------------------------

The amine subfamily of GPCR has major four types of receptors (acetylcholine, adrenoceptors, dopamine and serotonin). The dataset consisted of 167 sequences, of which 31 were acetylcholine, 44 adrenoceptors, 38 dopamine and 54 serotonin type of receptors. The classification of an unknown protein into one of the four types of amine receptors is a multiclass classification problem. In this regard, a series of binary classifiers were developed, which predict only a single type of amine receptors. Here, four SVMs were developed, one each for a particular type of amine receptor. The *i*th SVM was trained with all samples of the *i*th type receptors with positive label and samples of all other types of receptors as negative label. The SVMs trained in this way were referred as 1-v-r SVMs ([@b7],[@b19]--[@b20]). In such classification, each of the unknown protein achieved four scores. An unknown protein was classified into the amine receptor type that corresponds to the 1-v-r SVM with highest output score.

SVM
---

The SVM was implemented using freely downloadable software SVM_light written by Joachims ([@b21]). SVMs nonlinearly map their *n*-dimensional input space into a high-dimensional feature space. In this high-dimensional feature space, a linear classifier is constructed and optimal hyperplane is constructed to separate the positive and negative examples. The SVM_light provides options for a number of inbuilt kernels, such as polynomial (given degree), radial basis function (RBF) and other regulatory parameters to achieve optimal classification of binary training and testing set. SVM requires the patterns of fixed length for testing and training. The proteins of variable length are transformed to fixed length format using amino acid and dipeptide composition ([@b7],[@b17],[@b20],[@b22]). The amino acid composition provided the information of a protein in a vector of 20 dimensions. The dipeptide composition provides the information of protein in the form of a vector of 400 dimensions. The dipeptide composition encapsulates the information about fraction of amino acids as well as their local order.

Evaluation of performance
-------------------------

In order to evaluate the performance of prediction methods, jack-knife or limited cross-validations are the most commonly used procedures ([@b7],[@b17],[@b19]--[@b20],[@b23]--[@b28]). During jack-knife cross-validation of *N* proteins, one protein is removed from the dataset, the training is performed on the remaining *N*−1 proteins and the testing is made on the removed protein ([@b29]). This process is repeated *N* times by removing each protein in turn. This cross-validation technique is time-consuming, so limited cross-validation is often performed when the dataset has larger number of proteins. In limited cross-validation, a set of proteins is divided into *M* equally balanced subsets. The method was trained or developed on \[(*M* − 1)*N*\]/*M* proteins and then tested on the remaining *N*/*M* proteins. This process is repeated *M* times, once for each subset. In this study, the performance of both amino acid and dipeptide composition based classifiers was evaluated through 5-fold cross-validation ([@b17],[@b19]--[@b20]). The performance of the classifier developed at the first level (for recognizing proteins of amine subfamily) was evaluated using the standard threshold-dependent parameters, such as sensitivity, specificity, accuracy and Matthew\'s correlation coefficient (MCC). The performance of classifiers for classifying different types of amine receptors was evaluated by measuring accuracy and MCC as described by Hua and Sun ([@b19]).

Reliability index (RI)
----------------------

The assignment of prediction reliability is important while using the machine learning techniques to predict types of amine receptors. RI was assigned on the basis of difference (Δ) between highest and second highest value of SVMs in multiclass classification. The RI for each sequence was defined by using [Equation 1](#e1){ref-type="disp-formula"}. $$\text{RI} = \left\{ \begin{array}{lll}
{\text{INT}\left( \Delta*5/3 \right) + 1} & \text{if} & {0 \leq \Delta < 4} \\
5 & \text{if} & {\Delta \geq 4} \\
\end{array} \right.$$

RESULTS AND DISCUSSION
======================

The performance of the method in distinguishing amine subfamily of GPCRs from other globular proteins is shown in [Table 1](#tbl1){ref-type="table"}. The performance of the method is evaluated using a 5-fold cross-validation. The accuracy and MCC of amino acid composition based methods reached to 98.2% and 0.96, respectively, with RBF kernel at default threshold \[0\]. This demonstrates that amine subfamily of GPCRs can be well separated from other proteins on the basis of amino acid composition. The performance of SVM is better than covariant--discriminant analysis (83.3%) used by Elrod and Chou in ([@b8]). To further improve the accuracy, dipeptide composition was introduced instead of amino acid composition. The accuracy and MCC of the dipeptide composition based method are 99.7% and 0.99, respectively, using the RBF kernel (γ = 100 and *C* = 700). The performance of dipeptide composition based method is significantly better than the amino acid composition based classifier. The detailed performance of amino acid and dipeptide composition at different thresholds in term of sensitivity, specificity, accuracy and MCC is shown in [Table 1](#tbl1){ref-type="table"}. The results prove that amino acid composition as well as dipeptide composition can discriminate GPCRs from globular proteins with superior accuracy (\>98%). The results are also consistent with our previous observation that dipeptide composition is better in classifying the proteins as compared with amino acid composition. The dipeptide composition is a better feature to encapsulate the global information about proteins as it provides information about fraction of amino acids as well as their local order.

Furthermore, to classify different types of amine receptors, a series of binary SVMs were constructed. The separate SVM modules have been developed for each type of receptors of amine subfamily. Each SVM is specific for one type of amine receptor. The overall accuracy of amino acid composition based classifier in classifying four types of receptors of amine subfamily is 89.8%. The classifiers were developed using polynomial kernels of various degree and RBF. The best results were achieved using RBF kernel with γ = 500 and *C* = 3. The detailed performance of amino acid composition based classifier for different amine receptors along with kernel parameters is shown in [Table 2](#tbl2){ref-type="table"}. For improving the accuracy, the classifier based on dipeptide composition of proteins was developed. The average accuracy and MCC of dipeptide composition based classifier are 96.4% and 0.95, respectively. The best results achieved using polynomial and RBF kernels along with kernel parameters for different types of amine receptors are shown in [Table 2](#tbl2){ref-type="table"}. As shown in [Table 2](#tbl2){ref-type="table"}, the average accuracy of dipeptide composition based method was ∼7% higher as compared with amino acid composition based classifier. The dipeptide composition based classifier classified four types of amine receptors with \>92% accuracy. This proved that dipeptide composition is a better feature not only for recognizing but also for classifying different types of the amine receptors. This observation can also be extended to other types of receptors by establishing good training data.

Furthermore, to bring confidence in users about reliability of prediction, RI of amino acid composition as well as dipeptide composition based methods was measured. The RI provides information about the reliability or certainty of prediction. [Figure 1a and b](#fig1){ref-type="fig"} shows the expected accuracy of amino acid composition and dipeptide composition at different RI values. The expected accuracy of amino acid composition at RI = 5 is 100% with 62.2% of all sequences have RI = 5. Similarly for dipeptide composition at RI ≥ 3 the expected accuracy is 100% and about 74% of all sequences have RI ≥ 3.

These results suggest that types of GPCRs are predictable to a considerably accurate extent with amino acid composition as well as dipeptide composition. The development of such accurate and fast methods will speed up the identification of drug targets for curing various nervous system diseases.

Description of server
---------------------

GPCRsclass is freely available at <http://www.imtech.res.in/raghava/gpcrsclass/>. The common gateway interface script of GPCRsclass is written using PERL version 5.03. GPCRsclass server is installed on a Sun Server (420E) under UNIX (Solaris 7) environment. The user can provide the input sequence by cut-paste or directly uploading sequence file from disk. The server accepts the sequence in raw format as well as in standard format, such as EMBL, FASTA and GCG acceptable to ReadSeq (developed by Dr Don Gilbert). A snapshot sequence submission page of server is shown in [Figure 2a](#fig2){ref-type="fig"}. User can predict the type of amine receptors based on either amino acid composition or dipeptide composition. On submission the server will give results in user-friendly format ([Figure 2b](#fig2){ref-type="fig"}). The prediction results also provide information about prediction reliability (RI) and expected accuracy.
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![Expected accuracy of SVM classifier with a Reliability Index (RI) equal to a given value. The fraction of sequences that is predicted at a given RI is also shown on *x*-axis. (**a**) Amino acid composition. (**b**) Dipeptide composition.](gki351f1){#fig1}

![(**a**) Snapshot of input page of GPCRsclass server. (**b**) Snapshot of results obtained after the analysis of submission shown in [Figure 1a](#fig1){ref-type="fig"}.](gki351f2){#fig2}

###### 

The performance of amino acid composition and dipeptide composition based method in recognizing the GPCRs at different thresholds

  Threshold   Amino acid composition   Dipeptide composition                                      
  ----------- ------------------------ ----------------------- ------ ------ ------ ------ ------ ------
  −0.4        100                      81.2                    90.6   0.83   100    93.3   96.6   0.93
  −0.2        100                      86.7                    93.2   0.88   99.4   99.4   99.4   0.98
  0.0         99.4                     96.9                    98.2   0.96   99.4   100    99.7   0.99
  0.2         97                       99.4                    98.2   0.96   82.0   100    91.0   0.83
  0.4         95.2                     100                     97.6   0.95   52.1   100    76.1   0.59

Sen, sensitivity; Spe, specificity; Acc, accuracy.

###### 

The performance of amino acid and dipeptide composition based method using different SVM kernels

  Amine receptors   Amino acid composition based method   Dipeptide composition based method                                      
  ----------------- ------------------------------------- ------------------------------------ ------ ------ ------ ------ ------ ------
  Acteylcholine     87.1                                  0.92                                 90.3   0.90   93.6   0.96   93.6   0.96
  Adrenoceptor      95.5                                  0.88                                 86.3   0.76   100    0.93   100    0.91
  Dopamine          92.1                                  0.82                                 84.2   0.74   92.1   0.95   92.0   0.93
  Serotonin         85.3                                  0.85                                 83.3   0.85   98.2   0.97   94.4   0.95
  Overall           89.8                                  0.86                                 85.6   0.81   96.4   0.95   95.1   0.93

ACC, accuracy.
